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In this research, a method to detect minute flaws on metal parts is proposed to remove the 
defective parts before assembling in a factory. The input gray-scale images of metal parts are 
used directly to recognize the flaw without any image conversion to shorten the recognition 
time. The recognition problem to find defects and detect its position on the metal parts is 
converted here to another problem to search for the maximum peak and the variables giving the 
peak. Then the recognition problem can be treated as optimization problem, and this conversion 
allow us to utilize the high performances of GAin the optimization. The effectiveness of 
proposed method is studied on standing points of the recognition speed and the quantitative 
recognition ability. 
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1. Introduction 
When producing some products at factories, a certain 
amount of defects happens to arise on the products in 
producing processes. In case that the scratch or bruise on 
the metal parts is vital for desirable performances of final 
products, and furthermore it may lead to defects of the 
products, even a minute bruise could not be passed by 
and should be rejected before the parts with bruise being 
composed in final products. 
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Fig. I Multi-Plate Clutch 
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In this research, detection of the minute flaws of the 
steel plate built into the multi-plate clutch of the 
automatic transmission of a car as shown in Fig.l is 
considered. In current production system in factories, 
there is no way to find minute flaws by machine vision, 
then workers checking the flaws have to concentrate 
their sensitivity on the metal parts to search for the week 
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sign of the flaw that can be seen abruptly depending on 
the orientation against the lighting direction of the 
fluorescent and the shape of the flaw. However, even 
though the workers can detect the minute flaw on metal 
parts, it is difficult to check them under universal criteria 
since the judging standards of the workers are not the 
same, and have varieties depending on each worker . 
Moreover it is hard to maintain a consistency with fixed 
checking accuracy. Furthermore, the inspection process 
by workers makes the production cost increase. 
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Therefore, automatic on-line inspection system 
by machine that can find minute flaws and judge 
the magnitude with fixed criteria is desired to real-
ize. In this research, our objective is to construct 
automatic inspection system of minute flaws with 
ranking ability of quantitative magnitude. To rec-
ognize flaws quantitatively, some kind of criteria is 
required for machine like men. Even if it is thought 
that men hold some criteria as knowledge, it is hard 
to describe it explicitly in a shape of mathematical 
function. Shape, area, textures, etc. can be con-
sidered as knowledge for recognition. Though the 
flaws on the metal parts have their original shapes, 
we can categorize them into several groups based 
on their shape features that are the results of the 
reasons of how the flaws happens to be made, since 
the sources making flaws could be thought to be 
not so many. We use some of these features of the 
flaws to find them and to judge their magnitudes, 
in this report. To evaluate the flaw quantitatively, 
the areas of flaws and brightness distribution sur-
rounding the flaws are calculated. Here, a surface-
strips model that has integration characteristic and 
differentiation characteristic in a correlation calcu-
lation between the model and the input raw image 
is used for Model-based Matching. FUrthermore, 
recognition of flaws with arbitrary shape is real-
ized by changing recognition problem into the other 
problem to search a peak giving maximum value 
of the surface-strips model-based function, that is, 
optimization problem. We solved the optimization 
problem in successively input video images by using 
a strategy of "I-step GA" in real time [1]. 
Workers in a factory seem to judge the existence 
and the magnitude of the minute flaws on metal 
parts that are visible in a moment depending on 
the lighting condition and the shape of the flaw, by 
changing the orientation of the parts against the di-
rection of the fluorescent light from the ceiling, by 
using real-time recognition abilities of human. This 
means that human utilizes active sensing using the 
lighting condition varieties. Then, if we want a ma-
chine to detect the flaws by the same methodology, 
the machine have to judge the existence in real time 
while the lighting condition is varying. 
The conventional techniques [2],[3] for visual 
recognition use generally image processing, such as 
binary processing, edge extraction, and differential 
image, etc.. However, these techniques spend time 
on converting the images in order to recognize the 
(a) (b) (c) 
Fig. 2: Flaws on metal plate 
(a) Input Image (b) Sectional view 
Fig. 3: Bruise (1 ) and t he sectional view 
(a) Input Image (b) Sectional view 
Fig. 4: Bruise (2) and the sectional view 
Complicated Section · 
(a) Input Image (b) Sectional view 
Fig. 5: Bruise (3) and the sectional view 
(a) Input Image 
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(b) Brightness image 
Fig. 6: 3D brightness image of bruise 
target in the converted image, and this poses a dif-
ficulty to execute the recognition process in real 
time. In fact, many researches that deal with object 
.recognition [4], [5], employ a binary image necessi-
tating several preprocessing stages, which seems to 
be time-consuming process disturbing against real-
time recognition. We think that t6 apply some 
degree of intelligence into inspection devices, it is 
critical to consider actions similar to the human of 
active sensing by using real time recognition ability. 
Contrarily to the above previous approaches, in 
this research, a target is recognized directly from 
the input gray-scale image (named here as raw im-
age) without any conversion to shorten the conver-
sion time to zero. Moreover, to use directly the 
raw image helps to avoid the problem of the noise 
amplification generated by image processing such 
as binary conversion and edge extraction besides 
the advantage to shorten the recognition time [6]. 
The image recognition problem is converted to opti-
mization problem, as the result a genetic algorithm 
(GA) is used to solve it to detect a flaw here. GA 
is well known as a method for solving parameter 
optimization problems [7],[8]. 
In this report, to detect and evaluate a bruise 
that is one of the flaws caused on metal parts, we 
applied our model-based matching method using 
GA [1] to detect the bruise, and the effectiveness is 
studied on the view points concerning the recogni-
tion speed and the quantitative recognition result 
to remove the defective parts. 
2 Bruise on Multi-plate Clutch 
In this research, a steel plate being assembled 
into the multi-board clutch of the automatic trans-
mission of a car as shown in Fig.1 is considered. 
The multi-board clutch consists of friction plates 
and steel plates_overlapping by turns in order to 
reinforce friction power. Since, in recent years, pa-
per is used as friction material to transfer torque to 
metal plate, then even if the flaw on the metal plate 
is very minute, it causes destruction of the paper 
friction plate. Therefore, it is necessary to detect 
completely all flaws on a steel plate to remove the 
plate as defected. Photographs of the flaw on the 
steel plate is shown in Fig.2. The shape of flaws 
are categorized mainly into the (a), (b), and (c) in 
this figure. (a) shows a flaw in the circle, which is 
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Fig. 7: Moving Model in Camera Frame 
(a) Input Image (b) Filtered image 
Fig. 8: Bruise looks as white 
(a) Input Image (b) Filtered image 
Fig. 9: Bruise looks as black 
called as bruise here. (b) is a scratch and (c), bruise 
on the edge portion of the plate. The probability 
of occurrence of bruise of (a) is the highest, there-
fore it is treated as the most important defect to 
recognize automatically the quantity in this report. 
Although almost all bruises look as a circle in 2-D 
image taken form CCD camera looking down verti-
cally to the metal plate, various bottom shapes ex-
ist. As the result, the differences of bottom shape 
influences how the flaw can be seen in input im-
age. As the examples, the input images obtained 
by CCD camera are shown in Figs.3 f'V 5 with their 
cross sectional views. As for Fig.3, the shape of the 
cross section is the most general, and it emerges 
white in sight comparatively with the surrounding 
surface of metal. Another bruise is shown in Fig.4 
having a comparatively shallow depth against its 
width. Lighting is reflected as shown in A and B 
in this figure, and the light B does not reach to the 
CCD camera, then the center area of this bruise 
109ks dark as shown in (a). The bruise in Fig.5 
depicts another variety, that is, it has a minute ir-
regularities at the bottom, which brings the dark 
image of the bruise as shown in (a), since reflect-
184 
ing directions of the illuminating light are scattered 
randomly by the irregularities and the reflecting 
light does not reach to the camera. To detect these 
bruises in spite of the image varieties caused by the 
bottom shape varieties, we have to consider how to 
make a searching model of model-based matching 
that generalizes the varieties of the shape of the 
bruises. 
3 Problem Conversion 
Figure 6(a) depicts a typical image of a bruise 
on a steel plate, and the 3D graph indicating 
the brightness distribution in z-direction on im-
age plane is shown in (b). In order to detect such 
bruise, it is noticed that what is necessary to dis-
tinguish it from its surrounding plate area is simply 
to pay attention to the difference of the brightness 
value of the bruise domain and the surrounding 
area. Then, to evaluate the difference of the in-
tegrated brightness of inside area of bruise and the 
outside, a. surface-strips model consisted of two cir-
cles of 81 and 82 as shown in Fig.7 and moved by 
variables (~, 1l.) is used. Correlation with an input 
raw image and the moving model is defined as fol-
lows, and is used for a fitness function in GA later. 
F(~,ll.) = I E p(r) - E p(r) (1) 
where (~, 1l.) expresses the origin of the moving 
model and p( r) expresses the brightness value at 
r. The function F(*., 'J!.) evaluates the absolute 
value of the difference of 81 and 82' The first term 
of right-hand side of Eq.(I} means the brightness 
summation of raw image lying on the area 81 and 
the second, 82, then it has integrating character, 
furthermore by subtracting them, the difference is 
evaluated as differentiation. By using Eq.(I), the 
problem to find a bruise can be changed into an-
other problem to search for the maximum peak of 
the function F(~, 'J!.) in many cases. Even though 
F(~, It) can not change all recognition problem of 
bruise into the searching problem of the maximum, 
we can make efforts to set a best lighting condition 
for that problem changing, and also we can make 
efforts it by arranging the model for the matching. 
The important thing is that how many cases the 
function Eq. (1) can change into the optimization 
problem in the varieties of the shape of the bruises. 
Examples of bruises that are different appearances 
are shown in Figs.8 and 9, which look as white and 
black. This difference is caused by the difference of 
the bottom shape of the bruises, that is, the bot-
tom shape in Fig.8(a) has not much irregularities 
and Fig.9(a) has comparatively much irregularities. 
The filtered images by Eq. (1) are shown in (b) in 
both figures: The results that the both filtered im-
ages have the maximum peak at the position of 
the bruise in image coordinates, are representing 
the effect that Eq. (1) is constructed by using the 
absolute function. Therefore Eq.(l) expands the 
recognizable range of the varieties of the bruises by 
changing the recognition problem into the search-
ing problem for the variables to give the maximum 
function value, by means of the inclusion of the op-
eration to give absolute value in the function. 
4 Recognition of Bruise 
4.1 Setup of lighting environment 
When workers are checking defects on metal 
parts in a factory, they change intentionally the 
lighting condition by changing the orientation of 
the metal part against the direction of the fluores-
cent light. It is thought to be some kind of intelli-
gent action for recognition of human. Although we 
are aiming to realize such intelligence, it is too s0-
phisticated to realize at this stage of our research, 
then we chose a simple strategy to evaluate the 
recognition performances of our proposed method 
with fixed lighting condition. 
As the results of our preliminary testing of the 
lighting sources such as fluorescent light, halogen, 
and LED, we chose the indirect lighting using the 
LED since its mirror reflection and the shade are 
small. The photograph of the experimental sys-
tem and the composition are shown in Figs.IO and 
11. First, we confirmed that the camera position 
C shown in Fig.ll is not strongly related to the in-
put image of the bruise. Contrarily to this result, 
the height L of the LED lighting influences to how 
the bruise appears in the input image as shown in 
Fig.12, which suggests the optimal height L exists. 
To examine the influences of lighting position, the 
brightness differences between the bruise and its 
surrounding area corresponding to each photograph 
of Fig.I2, are numerically measured and depicted 
in Fig.13. Clearly this figure shows that the height 
of L= 145 (mm) gives maximum brightness differ-
Fig. 10: Experimental 
system Fig. 11: Composition 
L=235 (mm) L=265 (mm) L=295 (mm ) 
Fig. 12: Difference of Lighting Condition 
100 
o~~--~----~--~--~--~ 100 200 300 
L(mm) 
Fig. 13: Relationship between L and Brightness 
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Table. 1: Parameters of GA 
Population size 40 individuals 
Selection rate 0.5 
Mutation rate 0.1 
Length per individual 12 bits 
Crossover Two-point 
Elitist model yes 
Calculation time 22 [ms] / generation 
ence and this lighting condition can emphasize the 
bruise. Since the same results were obtained from 
other different bruises, we fixed L as L= 145[mm] 
in the following experiments. 
4.2 Finding of bruise using G A 
To discover the existence of the bruise and eval-
uate it, in our previous stage of this research, all 
image space is scanned by the function of Eq.(l) 
and the image is converted to find the maximum 
peak, not to overlook any bruise. However, we 
found it takes more than 3 minutes, and it does 
not match with the requirement to find it within 
two seconds to build an on-line checking system in 
a factory. Therefore to find it quickly, we chose 
GA as an effective tool to solve the optimization 
problem of the function of Eq.(l). The evolution 
process of GA is shown in Fig.14, and the param-
eter of GA is shown in Tabl~ 1. The positions 
of moving model (~, 11) in Eq. (1), which is coded 
in genes in GA process and are possible solutions 
of the optimization problem, are defined as shown 
in Fig.15 and the flowchart of the recognition sys-
tem using GA is shown in Fig.16. In this research, 
to discuss the recognition ability by dividing it to 
detection rate and numerical recognition rate, we 
divided the GA recognition process into detection 
block and numerical recognition block as shown in 
the -flowchart in Fig.16. Here numerical recogni-
tion means how much the recognized ranking of 
the bruise coincides with the ranking results from 
5 (biggest) to 1 (smallest) [5-3:rejective, 2,1:accept-
able] judged by workers in a factory and that is the 
requirement of our co-researcher. 
5 Quantitative Evaluation 
The foregoing paragraph described how to find 
bruises by GA. Here in this section we discuss eval-
uation method of the bruise after found it. The fit-
ness function used in GA as moving surface-strips 
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. Quantitative of Bruise 
{ 
• Fitness value 
'Area 
• Brightness value 
Rank of Bruise 
Fig. 16: Flowchart 
Fig. 17: Calculation of Area 
(a) Input image 
Fig. 18: Bruise of Rank 1 
(a) Input image 
Fig. 19: Bruise of Rank 4 
Fig. 20: Converging to 
Bruise by GA (Rank 1) 
Fig. 21: Converging to 
Bruise by GA (Rank 4) 
model evaluates the area of bruise and its bright-
ness value simultaneously. Concerning the evalu-
ation of the area of the bruise, by adjusting the 
model's diameter of 8 1 in Fig.7 mentioned in sec-
tion 3 to the one of biggest bruise of ranking 5, the 
fitness function of Eq.(I) gives the output value be-
ing proportional to the area of bruise. However, the 
value obtained by this function is also including the 
influence of bottom shape of the bruise, since the 
appearance of bruise in input image depends on the 
bottom shape. Therefore we judged that it is better 
to separate the criteria of the area and the bright-
ness value of the bruise in order to evaluate it in 
parameter space of area and brightness for accurate 
evaluation of the bruise. 
Then in this report, we try to evaluate the bruise 
as much as similar to the decision criteria of the 
workers of the size ranking, in the parameter space 
such as the fitness value, the area, and the bright-
ness. The area of bruise is calculated by setting a 
threshold to separate the bruise and the surround-
ing area as the half value of the two values as shown 
in Fig.17. The bruise brightness is defined as the 
highest brightness in the bruise area, which is de-
picted in Fig.17 as B. 
6 Recognition Experiment 
6.1 Searching of bruise using GA 
In this section, we try to find a bruise and judge 
the size as ranking by proposed method so far. As 
mention above, the ranking from 5 to 3 means that 
the metal parts should be rejected and could not 
be assembled to final products. Among many sam-
ples of bruises, two examples of rank 1 and 4 are 
shown in Fig.18(a) and Fig.19(a) and the filtered 
results, that is, the distribution of the fitness value 
are shown in (b) of both figures. FUrther the tran-
sitions of the highest fitness value of the best indi-
vidual to search for the maximum peak by GA are 
shown in Figs.20 and 21. As you see from these fig-
ures, GA found the bruise before almost 40 genera-
tions. What we want to emphasize here is that we 
don't use the filtered images as shown in Figs.18(b) 
and 19(b), which means the time cost to find bruise 
is less than the methods that have to use filtered 
images. Comparing our previous result of time of 
3 minutes to find the bruise with filtered image, 
the proposed method using GA and surface-strips 
model can shorten the time to find bruise wi thin 
one second (calculation time for one generation is 
22[msJ). 
6.2 Evaluation Experiments 
In this section, we discuss the effectiveness of the 
parameters to evaluate the seriousness of bruise, 
such as fitness function of Eq. (1), area of bruise and 
brightness, by using the bruises found by workers 
in a factory and ranked from level! to 5. The pho-
tographs of five-ranked bruises are shown in Fig.22, 
and their area plotted in relation with the workers' 
ranking are depicted in Fig.23. ,We understand that 
the ranking and the bruise area has linear relation 
generally, however, the ranking could not be de-
cided explicitly only by the area. Figure 24 plots 
the fitness values converged to the bruises at its 
corresponding ranking, from which we also cannot 
derivate clear relation to decide the ranking by ma-
chine. The bruise brightness based on the ranking 
is also shown in Fig.25, and the bruise brightness 
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Table. 2: Finding and Ranking rate 
----
Rank 5 I 4 3 lor2 
82% I 100% 71% 
Finding rate 88% 47% 
83% 
78% I 40% 20010 Ranking detection rate 93% 67% 
89% 
also cannot categorize the ranking inversely. 
Therefore, we plotted the bruises ranked by men 
in two dimensional plane defined by the combi-
nation of their parameters mentioned above in 
Figs. 26"-128. Rough linearity could be seen in 
Fig.26, however, from Figs.27 and 28, the rank-
ing categorization seems to be difficult even by the 
combination plotting. 
6.3 Recognition Experiments 
At first, to evaluate the finding rate of the bruise 
specimens found by men, we prepared followings, 
rank 5 (number of specimens: 11), rank 4 (5), rank 
3 (7), rank 2 (10), rank 1 (9). The threshold of 
the fitness function to judge the existence of the 
bruise is set at 0.02 by preliminary experiments. 
After 100 genera.tions of GA, if the highest fitness 
value is over the threshold, besides the bruise area 
is also over 0.02 [mm2] , our system judge there ex-
ists bruises. The upper part of Table 2, indicates 
the percentage of the detected bruises against the 
total bruise number. From this table, 83% for rank 
3 to 5 means this system can find 83% of bruises 
that should be rejected from assembling. 
Next, the ranking experiments of bruises found 
by GA above, is executed. We used the plotting of 
ranked bruises concerning fitness value converged 
to bruises and the bruise area to judge the rank-
ing by machine, as shown in Fig.29, in which the 
each area for rank 5,4,3 and 2 or 1, defines the 
extent of the ranking decision. Therefore the rank-
ing detection rate could be calculated by the ratio 
between how many bruises exist in the designated 
ranking area and how many bruises exist in the 
defined area corresponding the designated ranking. 
The results are shown in the lower part of Table 
2. The total recognition rate of our system, i.e., 
finding besides correct ranking to men's decision, 
can be calculated by multiplying the values of find-
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Fig. 28: Brightness and Area 
ing rate and corresponding ranking rate. Then, the 
finding and ranking rate of bruises in rank 5 to 3, 
is 74% (=O.83xO.89). 
7 Conclusion 
In this report~ we proposed model-based recog-
nition method using GA, and the ability of our 
proposed recognition system is evaluated based 
on real metal parts procuced in a factory actu-
ally. Through the recognition experiments, we con-
firmed the recognition time is less than one second, 
and the recognition accuracy, that is, how much 
percentage of the machine-detected ranking coin-
cides with the ranking decided by human workers 
in factory, is evaluated. As the results, we think 
our system could be useful and has advantage for 
Bruise Area 
Fig. 29: Rank recognition method 
on-line utilization in the inspection line in factory. 
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